Introduction
Globally, at least two billion people depend upon groundwater as the principal source of their drinking water (National Research Council, 2008; Sampat, 2000) . Dependence upon groundwater is especially great in areas such as Northern China, Eastern Europe, Northern India and the U.S. Great Plains. Recent forecasts suggest that the combined effects of population growth, global warming and land use change will, in the near future, lead to even greater reliance on groundwater for public water supply (Rosenzweig et al., 2007; Hall et al., 2008) .
Resource managers are increasingly concerned about human health and ecological effects of contaminants such as nitrates and pesticides (National Research Council, 2008; Sampat, 2000; Merchant, 1994) . The application of fertilizer and pesticides on croplands, for example, has often been shown to result in deterioration of the quality of drinking water and increasing health concerns, such as blue baby syndrome, gastric cancer and non-Hodgkin's lymphoma (Knobeloch et al., 2000; Karkouti et al., 2005) . Since detection, monitoring and treatment of groundwater pollution are relatively cost-prohibited; management of groundwater quality has emphasized protection of the resource (i.e., prevention of contamination). Protection strategies, however, need to be targeted so that staff, funds and technology can be focused upon those areas that are most threatened (Merchant, 1994) . Today it is recognized that targeting must be based upon reliable forecasts of the risk of groundwater pollution under a variety of possible future climate/socioeconomic/land use scenarios (Twarakavi and Kaluarachchi, 2006) . During recent decades, a variety of methods for modeling and mapping groundwater vulnerability have been developed (see, for example, National Research Council, 1993; Gogu and Dassargues, 2005; Focazio et al., 2005) . These models typically involve the analysis of the inter-relationships between key hydrogeologic characteristics (e.g., depth-to-water, soils, aquifer hydrogeology, and groundwater recharge). Although groundwater vulnerability models generally consider similar factors, the models employ different approaches for data integration and analysis. These can be grouped into three categories: index methods (Aller et al., 1985) , statistical procedures (Nolan et al., 2002; Masetti et al., 2009) , process-based methods (Neukum and Azzam, 2009 ) and/or a combination of these methods (Yu et al., 2010) . One of the groundwater vulnerability models used most often is "DRASTIC". The model is formulated as a weighted sum of hydrologic factors that are related to the movement of pollutants from the ground surface to aquifers (Aller et al., 1985) . The model's simple formulation and the ease of integration with geographic information systems (GIS) make it wellsuited for regional analyses of groundwater pollution potential. Another significant advantage of DRASTIC is its flexibility as it can be adapted to incorporate other factors (Rahman, 2008; Lima et al., 2011) , such as land use and land cover (LULC), a factor important in assessing impacts of contaminants such as farm chemicals on groundwater quality (Eckhardt and Stackelberg, 1995; Scanlon et al., 2007) .
The DRASTIC model is usually implemented based on "static" conditions, i.e., the model assesses vulnerability for a single point in time based on current hydrogeologic and LULC conditions (Butscher and Huggenberger, 2009 ). However, groundwater vulnerability is strongly dependent on factors such as depth-to-water table, recharge and LULC conditions, all of which are influenced by climate conditions and human activities. Groundwater quality is expected to respond to changes in climate and anthropogenic activities due primarily to the influences of recharge and land use on groundwater systems (Green et al., 2011) . Climate change can potentially alter the vulnerability of shallow aquifers by affecting depth-to-water table and recharge (Pointer, 2005; Scibek and Allen, 2006; Toews and Allen, 2009 ). And, human activities such as changes in LULC can also affect groundwater vulnerability. It has been forecasted that agricultural land use, and associated application of farm chemicals, may change quite significantly as a result of global warming and/or changing socio-economic circumstances such as increasing demands for biofuels (Ojima et al., 1999; Foley et al., 2004; National Research Council, 2008) . Elevated grainbased bioethanol demands may lead to expansion of corn production and increased use of nitrogen-based fertilizers (Simpson et al., 2008) . As a result, in some locations there could be concomitant, though currently unknown, changes in risks of groundwater pollution (Dams et al., 2007; Graham, 2007) .
Previous studies have shown that the vulnerability of groundwater may vary over time due to changing climate and/or LULC. For example, Ducci (2005) demonstrated that patterns of regional groundwater pollution vulnerability will vary between drought, average, and wet climatic conditions. Butscher and Huggenberger (2009) analyzed a karst aquifer system in Switzerland based on a lumped parameter model and found that groundwater vulnerability depends on climate-affected recharge conditions. Lima et al. (2011) predicted future groundwater vulnerability based on a modified DRASTIC model and future agricultural expansion scenarios simulated by Dyna-CLUE model. However, no investigation has yet focused on groundwater vulnerability that may be affected by both climate and LULC change especially at the regional level. Decision-makers need tools to identify "hotspots" of high groundwater vulnerability in order to facilitate allocation of resources for groundwater protection.
The U.S. northern Great Plains is characterized by high natural variability of climate, highly fertile soils and widespread agricultural land use. During the 20th century, the average temperature of this region rose by more than 1 °C, with increases up to 3 °C observed in parts of North Dakota and South Dakota (U.S. Global Change Research Program, 2000) . Precipitation has also increased over most of the region (U. S. Global Change Research Program, 2000) . It is expected that average temperature will continue to rise into the 21st century (up to around 3 °C in the mid21st century), and increasing precipitation is also expected to occur in many areas (up to about 6 cm in the mid-21st century) (IPCC, 2007) . Meanwhile, there has also been significant LULC change in the region. The U.S. Department of Agriculture (USDA) has documented that, during the period 2000-2009, thousands of acres in other crops were converted to corn production in the northern Great Plains (Wallander et al., 2011) . It has been projected that agricultural land use will continue to expand as a result of increasing demands for biofuels and global warming (Ojima et al., 1999; Foley et al., 2004; National Research Council, 2008) . Biofuel crops (i.e. corn and soybeans) are expected to dominate the future agricultural landscape of the northern Great Plains as a result of (1) increasing demands for bioethanol stemming from the federal Renewable Fuel Standard (RFS) (Brooke et al., 2009) ; and (2) increasing suitability for biofuel crops that prefer a warmer climate and longer growing season. It has also been noted, however, that shifts in climate and land use patterns may result in a range of potentially negative environmental consequences including elevated groundwater pollution risks (de Oliveira et al., 2005; Kennedy, 2007) .
This research presents a modeling approach that integrates groundwater vulnerability, climate change scenarios, and modeled LULC scenarios essential for future water quality management in North Dakota, a northern Great Plains state. The objective is to determine if, how and where the vulnerability of groundwater to pollution in this area may be impacted by projected land use change driven by both climate change and increasing demands for biofuels. In this study, the focus is on the vulnerability of groundwater to pollution from nitrates, a constituent of chemical fertilizers used widely in the U.S. Great Plains and known to have implications for human health (Power and Schepers, 1989) .
Methods

Study area
North Dakota was selected as the study area because it is representative of the northern Great Plains, a region that has been experiencing significant changes in both climate and land use. The state has a continental climate typified by cold winters and hot summers. As noted above, however, during the past century average temperatures in North Dakota have increased up to 3 °C (U.S. Global Change Research Program, 2000) , among the highest in the northern Great Plains. Apart from climate change, North Dakota is also experiencing land use changes driven by demand for biofuels. At least fifteen incentive programs, laws and regulations are in place to govern the production, transportation and sale of biofuels (U.S. Department of Energy, 2011). And, North Dakota has joined with northern Great Plains states such as South Dakota, Nebraska and Iowa under the Energy Security and Climate Stewardship Platform to create a regional biofuels corridor program; see http:// www.midwesterngovernors.org/resolutions/Platform.pdf.
North Dakota spans four principal ecoregions (Figure 1 ): the Lake Agassiz plain, the Northern Glaciated Plains, the Northwestern Glaciated Plains, and the Northwestern Great Plains (the figure were produced based on Omernik, 1987) . The Lake Agassiz Plain, situated along the eastern edge of the state, features highly fertile soils and includes the most productive farmlands in the state. The regions west of the Lake Agassiz Plain gradually rise in elevation and have lower soil fertility. North Dakota is the leading producer of wheat, barley, sunflowers and dry edible beans in the U.S. By 2009, however, the three most important farm commodities changed to wheat, soybeans and corn at 29. 4%, 16.1% and 12.7%, respectively (Economic Research Service, 2011) .
Groundwater in North Dakota occurs in two major rock types, unconsolidated beds of gravel, sand, silt and/or clay and the underlying bedrocks. The most productive aquifers were formed by fluvial unconsolidated deposits and distributes along the surface drainage system with well yields between 0.19 and 1.9 m 3 /min (Paulson, 1983 ). Away from the major fluvial aquifers, those unconsolidated minor aquifers, although occurring with smaller well yields, can generally meet the rural domestic needs. Bedrock aquifers are another important water source. These aquifers are mostly confined, but are generally unsuitable for many uses due to widespread salinity. In this paper, we give most attention to unconsolidated and unconfined aquifers due to our focus on nitrate contamination.
General modeling framework
Three sets of models, linked within a GIS environment (Figure 2 ), were used to forecast groundwater vulnerability for two future periods (years 2020 and 2050) under three scenarios proposed by the Intergovernmental Panel on Climate Change (IPCC) Special Report on Emission Scenarios (SRES). The following subsections (2.3-2.8) summarize the development of: (1) future climate change scenarios, (2) future biofuels-related land use scenarios, (3) future groundwater recharge and groundwater level, and (4) future regional groundwater pollution risk. All geospatial modeling was implemented using ArcGIS (Version 9.3.1) software. Geospatial data were converted to raster format at a resolution of 1500 m, a cell size approximating the size of a crop section in North Dakota.
Scenarios proposed by the Intergovernmental Panel on Climate Change (IPCC) Special Report on Emissions Scenarios (SRES) were used for modeling (Nakicenovic et al., 2000) . The SRES scenarios have been widely applied in climate change impact and adaptation studies conducted worldwide (Ruosteenoja et al., 2003) . Three specific scenarios were employed in this study: B1, A2 and A1B. All have been used with particular frequency by the climate change research community (Meehl and Hibbard, 2007) . It should be noted that the SRES scenarios exclude catastrophic futures, such as large scale economic and environmental collapse.
Climate change scenarios
The B1, A2 and A1B scenarios provided the foundation for the climate change projections in this study. An ensemble of averaged statistically downscaled future climate change projections from 16 fully-coupled atmosphere-ocean general circulation models (AOGCMs) such as CCSM3.0, GFDL_CM2.1, and HadCM3.0, were obtained from Green Data Oasis (Maurer, et al., 2007) . This archive contains a dataset of monthly temperature and precipitation projections during 1950-2099 over the contiguous United States at a 0.125-degree resolution. The original projections were generated from the World Climate Research Programme's (WCRP's) Coupled Model Intercomparison Project phase 3 (CMIP3) multimodel dataset as referenced in the IPCC Fourth Assessment Report . These data are typically produced and stored in netCDF or binary format, a format that cannot be directly utilized for spatial analysis in ArcGIS. It was, therefore, essential to convert these data into a GIS-compatible format for further analyses.
Average temperature and precipitation projection for the years 1971-2000 (baseline period), 2020s (near period) and 2050s (distant period) in ASCII format were converted to GeoTIFF format in batch by running Python programming codes using FWTools 2.4.6. Historical observed precipitation and temperature data were downloaded from the PRISM Climate Group < http://prism.oregonstate.edu/ >, which provides high-quality historical climate data in grids. These data were resampled at 1500 m, a resolution consistent with the land use factor layer (see Section 2.4). Future regional climate conditions were estimated as the historical observed climate data multiplied by the ratio of future climate projection divided by the baseline climate projection, because these physically-based climate models provide more accurate estimates of ratios and differences (scaling factors) from baseline to predicted scenarios (Loaiciga et al., 1996) .
Future Biofuels-related land use change
In this study, corn and soybeans were considered to be "biofuels-related" LULC types because of their importance as bioethanol and (Omernik, 1987) and the U.S. Geological Survey (USGS) National Hydrography Dataset.
biodiesel feedstocks. Future change in biofuels-related LULC was modeled using linked "quantity" and spatial allocation modules (the model framework was adapted based on Li et al., 2012) (Figure 3 ). The quantity module was employed to determine, and subsequently forecast, the total amount of change in corn/soybean cropland (i.e., the number of cells of other LULC types to be transformed into corn/soybeans). A spatial allocation module was then used to spatially distribute the projected changes (i.e., to determine which specific cells in the map grid to change from one LULC type to another).
It was assumed that future expansion of biofuel crops would occur first on lands having soils and climate most suitable for crop production and thereafter occur on lands less suitable. The three SRES scenarios and corresponding climate change projection were used to guide modeling of future biofuels-related cropland change. Due to the qualitative nature of the SRES scenarios, they cannot be directly converted into quantitative data on biofuel crops. The following interpretation is based on the IPCC SRES report (Nakicenovic et al., 2000) .
• The B1 scenario envisions a future world having a high level of environmental and social consciousness combined with concerted global efforts towards sustainable development. This world use technology to achieve reductions in conventional energy usage, and exhibits increasing usage of biofuels and wind energy. Under the B1 scenario, biofuel crops may expand rapidly to meet increasing demands for bioethanol and biodiesel fuels. Additionally, in this scenario demographic pressure is relatively low, and increases in food demands can be readily met by increasing productivity. Thus, more agricultural lands may be devoted to biofuel crops without affecting food safety. The B1 scenario represents the fastest pace of biofuels-related land use change.
• The A2 scenario is characterized by high demographic pressure, more limited environmental concerns, and high use of fossil fuels and nuclear energy. With rapid increase in population, arable lands are primarily used to produce food rather than biofuels. With the emphasis on food security, economic incentives for the biofuel industry are less likely to continue. Land use change driven by biofuels demands may diminish. The A2 scenario represents the slowest pace of biofuels-related land use change.
• The A1B scenario assumes a balance between conventional and new energy sources. It takes an intermediate position between the two extremes described by the respective storylines of the B1 and A2 scenarios (Nakicenovic et al., 2000) . Thus, the A1B scenario represents a moderate pace of biofuels-related land use change.
Estimates of future biofuels-related land use change were made by combining the narrative descriptions of SRES scenarios (summarized above) with statistical extrapolation based on historical trends in crop acreages obtained from the National Agricultural Statistics Service (2010). It was assumed that the current high rate of increase in corn/soybean land will gradually slow due to factors such as increasing competitive use of corn/soybeans for food and biofuels. S-shaped logistic growth models approximate the above growth pattern. Three logistic models, SLogistic1, SRichards1 and Five Parameter Logistic, were used to develop projections of future biofuels-related cropland. These formulas were assumed to project potential areal increases of biofuel crops with highest, lowest and median increase rates corresponding with the B1, A2 and A1B scenarios in the year 2020 and year 2050 (Figure 4 ). It was also assumed that the urban area would remain static during the modeling period since the urban area in North Dakota did not expand notably during the past few decades; see http://www.citypopulation.de/php/usa-metro.php .
The Land Transformation Model (LTM) was used to distribute the forecasted LULC change over the state of North Dakota. The model essentially generates a suitability map for croplands, and then selects the cells exhibiting the highest suitability to convert. Six environmental variables were chosen as the driving factors for biofuel cropland modeling in North Dakota: terrain elevation, terrain slope, soil organic matter, Cation Exchange Capacity (CEC) of the soil, mean precipitation , and mean temperature . All are important to establishing the suitability of land for supporting crops (e.g., Bowen and Hollinger, 2002; Kravchenko and Bullock, 2000) . National Agricultural Statistics Service (NASS) Cropland Data Layers (CDLs) for North Dakota < http://www.nass.usda.gov/research/Cropland/SARS1a.htm > were used to map historic cropland change, because they provide specific cropland information for North Dakota over a relatively long time period (8-13 years). In addition, exclusionary zones (e.g. urban lands, wildlife protection areas, and water bodies) where future cropland growth would be prohibited were established. It was assumed that cropland used for "non-biofuels" crops remained relatively static during the modeled time period ; thus, modeling focused only on areas replaced by corn/soybeans.
The model was calibrated and validated using 30 m-resolution land use data obtained from the North Dakota CDLs for the years 1999, 2000, 2004, 2005, 2010 and 2011 . Details on the implementation of the model were available at Li et al. (2012) . Areal estimates of biofuel crops for the B1, A2 and A1B scenarios provided in the quantity module and corresponding climate change scenarios (i.e. precipitation and temperature) were then plugged into the calibrated model to calculate the future distributions of biofuel crops.
Future groundwater recharge affected by climate change
A number of studies have indicated that climate change can affect groundwater recharge (Eckhardt and Ulbrich, 2003; Holman, 2005; Scibek and Allen, 2006) . Increases in precipitation, for example, would generally be expected to produce greater aquifer recharge rates (Rosenzweig et al., 2007) . Many modeling techniques have been used to determine the potential impacts of climate change on groundwater recharge. These include soil-water balance models (Arnell, 1998; Scibek and Allen, 2006; Toews and Allen, 2009 ), empirical models (Chen et al., 2002) , and distributed models (Croley and Luukkonen, 2003; Eckhardt and Ulbrich, 2003) . However, these methods are generally technically complex and unsuitable for large regional analyses since the data on key physical parameters are usually not available.
In this study, the percolation index (PI) method was used to estimate future average annual water flow through the soil (Williams and Kissel, 1991; Braun et al., 2003; Hamza et al., 2007) . The equations used to calculate recharge are as follows in Equation (1) 
where PI is the percolation index (inches/year), P is the precipitation (inches/year), and A, B, C and D are hydrologic soil groups (soil map units having similar physical and runoff characteristics). All units were converted from English to metric equivalents. In
North Dakota, 99% of agricultural croplands are not irrigated ( Jia et al., 2007) ; therefore irrigation was not considered in this research. Based on Equation (1), future groundwater recharge was estimated using precipitation from the precipitation projection dataset and the hydrologic soil groups. The spatial distribution of hydrologic soil groups was derived from the U.S. General Soil Map (STATSGO) using the Soil Data Viewer < http://soils.usda.gov/sdv/ > developed by USDA.
Future depth-to-water (DTW) conditions
DTW, defined as the distance from the ground surface to the water table, impacts the time required for contaminants to reach the water table. As DTW increases, the probability of groundwater pollution generally decreases. DTW levels are controlled by the balance among recharge to, storage in, and discharge from an aquifer. Forecasting the DTW in response to climate change usually requires complex numerical modeling (Yang and Xie, 2003; Scibek and Allen, 2006) , which also involves considerable uncertainties related to downscaled climate models, aquifer heterogeneity, and other parameters (Scibek and Allen, 2006) . Modeling can be complicated by groundwater pumping for irrigation as well as industrial and residential demands (Bates et al., 2008) . In this study, changes in DTW were estimated using the water-table fluctuation (WTF) method, a procedure that relates changes in water-table level measured in unconfined aquifers with recharge water arriving at the water table (Rasmussen and Andreason, 1959) . The method is implemented with an equation-Equation (2)-expressed as:
where R(t j ) is recharge occurring between initial time t 0 and ending time t j , S y is specific yield (dimensionless), and ΔH(t j ) is the peak water level rise attributed to the recharge period. The specific yield is defined as the ratio of the volume of water that will yield by gravity to the total volume of saturated soil or rock (a dimensionless value). It is assumed that long-term DTW fluctuations, over periods of decades, can be attributed to changes in recharges due to climate alteration. The water-table change in North Dakota was estimated using the projected increase of recharge and specific yield. The specific yield in North Dakota was estimated to be approximately 0.15 (Burkart, 1981; Schuh and Patch, 2009 ). The DTW for the current period (t 0 ) was modeled using data extracted from, respectively, the USGS Active Groundwater Level Network and the North Dakota State Water Commission Surface and Ground Water Data Portal: http://www.swc.state. nd.us/4dlink2/4dcgi/wellsearchform/Map%20and%20Data%20 Resources . The data were retrieved using a web query function of Microsoft Excel and stored in Excel spreadsheets. Locations of surface water features, such as major streams, lakes, wetlands, and springs were obtained from the USGS National Hydrography Dataset (NHD) and used to indicate where the DTW approximates 0 (Snyder, 2008) . ArcGIS was used to randomly plot 1000 points (where the DTWs are 0) on these surface water features. The DTW surface was estimated based on an integration of interpolated water table depth and water table elevation, a method proposed by Snyder (2008) .
Other factors
Several other factors were used to model groundwater pollution risk. These included soil characteristics, topography (slope) and the characteristics of the vadose zone. These factors were considered static in this study.
Soils data layer for North Dakota
Soils serve as the dominant sink for retention of nitrate (Barrett and Burke, 2002) , and impact the leaching of nitrate to deeper horizons. In this study, five soil properties were extracted from the U.S. General Soil Map (STATSGO) to represent nitrate attenuation property. These were the percentages of sand, silt and clay, saturated hydraulic conductivity (Ksat), and organic matter contents (OM). A factor analysis was conducted to reduce the collinearity among the soil characteristics (Ige et al., 2007) , and produce a "soil index" indicative of the groundwater pollution attenuation property of the soil-Equation ( 
The first component was observed to account for most of the total variance (71%), and therefore this component was used to represent the composite soil characteristics in subsequent research. The soil index is positively correlated with organic matter and percentage of silt and clay, but negatively associated with the saturated hydraulic conductivity and the percentage of sand. Finally, a map layer of the soil index was developed. A higher index value indicates higher nitrate attenuation potential, and vice versa.
Slope data layer for North Dakota
Slope affects the likelihood that a contaminant deposited on the land surface will infiltrate through the soil. As slopes become increasingly steep, pollutants are more likely to run off than to seep into the subsurface (Aller et al., 1985) . Slopes were derived from the 30 m National Elevation Dataset: http://seamless.usgs.gov/.
Impact-of-the-vadose-zone (IVZ) data layer for North Dakota
Characteristics of the vadose zone, the unsaturated area below the soil and above the unconfined water table, are important for assessing nitrate attenuation processes such as biodegradation, chemical reaction, volatilization and dispersion. Silt and clay in the vadose zone can increase the time and/or opportunities for attenuation. The thickness of silt and clay in the vadose zone was used as an indicator of the impact of the vadose zone on nitrate attenuation. This factor was derived from lithologic records in the Surface and Ground Water Data Portal administered by the North Dakota State Water Commission. Lithologic descriptions for each record were reclassified into one of six groups: silt/clay, sand/gravel, sand/silt/clay, sandstone/limestone, bedrock and other hard materials (such as shale and lignite). The percentage of silt/clay was computed by dividing the accumulated thickness of silt/clay above the water table by the DTW in each test hole. The DTW in each testhole location was queried from the DTW map layer. The percentages of silt/clay in test holes were interpolated using kriging to a surface for the study area. Finally, the thickness of silt/clay in IVZ was generated by multiplying the layers of silt/clay percentage in the IVZ and DTW.
Groundwater vulnerability modeling
A revised DRASTIC model, DRSTIL (Equation (4)), was employed to model groundwater vulnerability. Each of the DRSTIL factors (Depth-to-water table, Recharge (net), Soil media, Topography, Impact of the vadose zone, Land use) was assigned ratings and a numerical weighting to reflect its relative importance in estimating groundwater pollution potential. Ratings are intended to reflect the relative significance of data values (mapped "classes") within each factor (Merchant, 1994) . For example, locations where the water table is deep below the surface are assumed to be less vulnerable to pollution than locations where the water table is shallow because, all other things being equal, the greater depth-to-water should indicate lower likelihood of contaminants reaching an aquifer. Therefore, areas having greater depth-to-water are assigned a lower numerical rating than locations with a shallower water table. All factors were assigned ratings on this basis (see Aller et al., 1985) . The ratings for the land use factor were assigned based on the nitrate fertilizer application recommended for different crops in North Dakota (Franzen, 2009) (Table 1) .
A departure from the standard approach to assignment of DRASTIC ratings was adopted for this research. The ratings for each factor layer were assigned by normalizing the grid values of the layer to a 0-1 scale. For factors with larger values indicating higher pollution potentials (e.g. recharge and land use), the ratings were calculated using the following approach: (V − min V) / (max V − min V), where V, min V and max V represent the values, minimum values and maximum values of the factors in the dataset under different periods. This approach allows derived vulnerability scores for different periods comparable by using the same data range. For factors with smaller values corresponding to higher pollution potentials (e.g. DTW, soil, topography and impact-of-vadose-zone), the ratings were normalized as: (max V − V) / (max V − min V). Weights were assigned to each factor following guidelines given in the DRASTIC documentation (Aller et al., 1985) . Aller et al. (1985) proposed two approaches for weighting the factors in DRASTIC: a pesticide and a general version. Pesticide weights were designed to reflect the processes that most affect pesticide transport into the subsurface with particular focus on soil (Aller et al., 1985; Frederick, 1991) . General DRASTIC weights were recommended for use in studying other potential pollutants such as application of fertilizers (Frederick, 1991) . Since the focus of this research is on the vulnerability of groundwater to pollution from nitrates, the weightings for each factor were derived from those developed for the general DRASTIC (Table 2) . Although land use was not included in the original DRASTIC model, it was assigned the largest weight due to its direct relationship with nitrate pollutant loadings.
Results and discussion
Future land use scenarios
Areas planted to corn and soybeans, crops often used for biofuels, are projected to expand northward and northwestward under all future scenarios (see Figure 5) . Table 3 shows the areal differences in the biofuels-related cropland between different SRES scenarios and ecoregions in North Dakota. The time period of the baseline scenario is set as 2000. In general, the B1, A2 and A1B scenarios all suggest expansion of biofuels-related cropland between the years 2020 and 2050 in the Lake Agassiz Plain and Northwestern Glaciated Plains. In the Northern Glaciated Plains, while B1 and A1B scenarios indicate expanding trend of biofuels-related cropland between the years 2020 and 2050, a reduction of biofuels-related cropland is observed under the A2 scenario (Table 3 ). This apparent anomaly may be attributed to potentially reduced land suitability for biofuels-related crops affected by future climate change. In the Northwestern Great Plains, no biofuels-related cropland was projected for the years 2020 or 2050.
The greatest increases in biofuels-related cropland are projected to occur in the Lake Agassiz Plain and Northern Glaciated Plains ecoregions (Table 3) . Compared with other regions of North Dakota, these two ecoregions feature fertile soils, lower elevations, generally warmer temperatures and abundant precipitation, and thus present the highest suitability for the cultivation of biofuel crops. The largest area of cropland development is projected to occur under the B1 scenario, while the A2 scenario shows the fewest hectares of LULC change. This difference can be attributed to the differing assumptions of future demands for cleaner en- ergy described in the basic scenarios. Under the B1 scenario, high demands for cleaner energy, especially biofuels, would tend to favor expansion of lands devoted to corn and soybean production. By contrast, under the A2 scenario, the socio-economic priority is to meet food demands of an increasing population rather than demands for cleaner energy. Therefore, LULC change would tend to result in additional areas devoted to food crops such as wheat rather than to biofuel crops alone; thus, the area of corn and soybeans under the A2 scenario would likely be lower than under the B1 scenario.
Future recharge scenarios
Climate change is forecasted to impact groundwater recharge more strongly in southeastern North Dakota than in other regions with increases in ranging from 1.5 to 2 cm. According to Equation (1), projected future precipitation patterns are critical to the differences in recharge among the B1, A2 and A1B scenarios. The highest changes in recharge have been projected to occur for the A1B scenario in 2020 and for the A2 scenario in 2050 since the A1B and A2 scenarios correspond to the largest increases in precipitation during these two periods respectively ( Figure 6 ). This difference may be explained by the IPCC modeling results: the A1B scenario is associated with the highest warming trend at the earlier period of the 21st century, but then the A1b scenario is superseded by the A1B scenario.
Future DTW scenarios
Most parts of Eastern North Dakota are projected to have rising water tables (increasing 5-15 cm) in 2020 and 2050 under all scenarios. In 2020, the A1B scenario shows the largest increase in groundwater level in response to the highest increase in groundwater recharge (see Figure 7) . The A2 scenario showed the largest increase in groundwater level in 2050 because groundwater recharge is greatest under the A2 scenario in the same period (Fig- ure 7). The differences in DTW among the B1, A2 and A1B scenarios can be explained by the differing projected future precipitation patterns. Increases (or decreases) in precipitation can enhance (or reduce) water recharged to the aquifer, and hence elevate (or diminish) groundwater levels.
Modeled current and future groundwater vulnerability patterns
Baseline and future conditions of groundwater vulnerability in North Dakota are portrayed in Figures 8 & 9 . For the baseline period (year 2000), the areas with the highest groundwater vulnerability were primarily in southeastern North Dakota. To validate the modeled groundwater vulnerability in the baseline period, observed nitrate concentrations from groundwater quality monitoring wells were compared with modeled vulnerability ratings at well locations (see Figure 8) . The boxplot of nitrate-N concentrations by groundwater vulnerability ratings shows that the detected nitrate concentration increased with the vulnerability rating overall (Figure 10 ) and the mean values of these groups are significantly different based on an ANOVA test (p-value < 0.05). Note that wells having zero nitrate concentration (around 1/3 of total wells) were excluded from the boxplot due to a focus on the contamination incidence. Note that the nitrate concentration did not correspond well with the areas of high and very high vulnerability in the boxplot, since there were only a very small number (6) of wells with detected concentration of 0.02 mg/L and no well fell into the areas with high and very high vulnerability, respectively. This reflects the limited availability and spatially clustering of wells as shown in Figure 8 . Groundwater vulnerability patterns are, of course, expected to shift significantly under all future scenarios. The greatest increases in groundwater pollution potential are projected to occur in the Lake Agassiz Plain and Northern Glaciated Plains ecoregions. Thus, Eastern North Dakota may face higher groundwater pollution risk in the near future. Under almost all future scenarios, areas with moderate, high and very high vulnerability will dramatically expand, and areas with low or very low vulnerability will substantially shrink (Table 4) . As shown in Figure 9 and Table 4 , areas with high and very high groundwater pollution potential show the greatest increase under the B1 scenario. This is most likely attributable to expanded cultivation of corn and soybeans associated with higher fertilizer inputs and nitrate leaching potentials. The A2 scenario shows somewhat lower groundwater pollution risks overall, perhaps due to smaller areal expansion of corn and soybeans.
The observed similarities between patterns of groundwater vulnerability and biofuels-related land use (Figures 9 & 5 ) may be explained by the high weights assigned to the land use factor. For the B1, A2, and A1B scenarios, respectively, the increase in groundwater vulnerability between 2020 and 2050 is not as significant as that between 2000 and 2020, because biofuels-related cropland in North Dakota is projected to increase most rapidly from 2000 to around 2020, and then slow down after 2020 (as shown in Figure 9 ).
Sensitivity analysis
A sensitivity analysis was conducted to assess how the uncertainties of future climate change and associated DTW, recharge and land use could affect modeled groundwater pollution risk. The analysis evaluated overall model responsiveness to a specific factor using the following equation. where V% is the variation of groundwater vulnerability expressed as a percentage, V(x) stands for the vulnerability affected by changes in specific factor x (e.g. DTW, recharge), and V is the vulnerability score value computed before reclassification. Table 5 shows the statistical summary of changes in groundwater vulnerability due to changes in DTW, recharge and land use under the B1, A1B and A2 scenarios for 2020 and 2050. Mean, minimum, maximum and standard deviation indicate the average, smallest, largest values and standard deviation of groundwater vulnerability variations over the entire study area by varying DTW, recharge and land use in order. Overall, variations of groundwater vulnerability caused by changes in land use are much more significant than those caused by changes in DTW and recharge. The effects of changes in DTW on variations in groundwater vulnerability are greater than those caused by changes in recharge. Since changes in DTW and recharge reflect climate conditions and land use change is mainly attributable to anthropogenic activities, this sensitivity analysis indicates that anthropogenic land use factors may dominate changes in groundwater vulnerability in North Dakota. This is consistent with previous research that has shown that the impact of LULCC on the hydrologic system may surpass that of recent or anticipated climate change at least over decadal time scales (Vorosmarty et al., 2004) .
We conclude, therefore, that the land use factor is more influential than DTW and recharge on the predicted future groundwater vulnerability in North Dakota under all 6 future scenarios. Greater emphasis should be placed on modeling of biofuels-related land use change in a study of future groundwater vulnerability in response to future climate and land use change.
Limitations
In this study, future changes in groundwater vulnerability were modeled as the effects of a combination of climate-related socioeconomic scenarios, climate change, and biofuels-related cropland change. These factors were combined in a linear model to forecast changes in groundwater vulnerability. However, it is recognized that the actual physical processes of groundwater contamination are not linear, but involve complex mechanisms such as pollutant transport and dilution, adsorption on soil particles, and chemical and biological degradation. Thus, the model used in this study may over-or under-estimate groundwater pollution risk. Still, the linear modeling approach has a significant advantage in that it simplifies complex groundwater contamination processes and can facilitate rapid regional evaluation based on well-recognized key hydrogeologic factors. Such evaluation can be very difficult using physical models which typically require complex parameterization of hydrologic processes and considerable computing resources. The relationships between predictive factors and modeled groundwater vulnerability also follow valid hydrogeologic principles, e.g. smaller DTW indicating higher chance of contaminants reaching the groundwater.
It should be noted that the groundwater vulnerability maps developed for this research portray only the "risk" of pollution on a regional scale, and cannot be used to interpret incidences of actual local groundwater contamination. Note that site-specific factors, such as hydraulic fracturing for shale oil in western North Dakota, which may cause drinking water contamination (Mayda, 2011) , were not considered.
The results of this research may also be affected significantly by uncertainties related to climate change projections. Impacts of climate change on the fate and transport of pollutants tend to be highly variable and difficult to predict because of the uncertainties associated with climate predictions (Bloomfield et al., 2006) . Projections of climate change models (e.g., regarding future precipitation and temperature patterns) can vary significantly, especially in the northern Great Plains. The so-called line of zero change (i.e. the boundary where no change in precipitation occurs over the modeling periods) is oriented more or less west-to-east in this region (Christensen et al., 2007) for different models. The study area is predicted to be drier by some models (e.g. MIROC3.2.medres), while wetter by some other models (e.g. CGCM3.1.T63). The multi-model mean of climate projections used in this study may vary its spatial pattern, depending on the number of climate projections included for averaging. Therefore, great variability in climate projections is inherent in this study, and may affect groundwater vulnerability patterns. In addition, the modeling results are also subject to the uncertainty from resampling of the relatively coarse resolution climate data (best available at 0.125-degree resolution) to finer resolution (at 1500 m). And, the study did not consider climate variability over short periods, which may also be critical to groundwater contamination. For example, variations in temperature and precipitation association with ENSO (El Niño Southern Oscillation) and PDO (Pacific Decadal Oscillation) over short periods can influence the amount of water that recharges aquifers (Toews and Allen, 2009 ). Such variability may result in greater climate extremes and considerable shifts to the mean climate conditions, and hence add more uncertainties to the projections of biofuels-related land use, recharge, DTW and groundwater vulnerability. These climate cycles, due to their high unpredictability, were not considered in current climate change projections. In addition to climate change, uncertainties associated with biofuels-related cropland modeling, groundwater level and recharge modeling may also be crucial to the results. For example, biofuelsrelated cropland change is modeled cell-by-cell under the assumption that such cells have at least 40% of their area in cultivated corn and/or soybeans (see Li et al., 2012) . When assigning rating and weighting values, these cells are treated as if they were 100% corn and/or soybeans. Thus, the vulnerability scores of some cells are almost certainly overestimated.
Summary and Conclusions
Changes in groundwater vulnerability patterns are the result of human-environment-climate interactions across a range of spatial and temporal scales. In this study, climate change scenarios, a land use change model, a recharge estimation model, and a groundwater vulnerability model were integrated in a GIS framework to map future groundwater vulnerability patterns in North Dakota. The "backbone" of this framework is DRSTIL (a modified DRAS-TIC model). In spite of limitations mentioned above, the modeling approach used here appears well-suited for linking groundwater vulnerability with climate and land use change at the regional scale. The proposed methodological framework can potentially be applied in most areas of the U.S. Northern Great Plains, because all of the related parameters were developed using international, U.S. national and/or statewide datasets.
This research suggests that groundwater vulnerability in the northern Great Plains will be impacted by projected climate change and biofuels-related land use change. The modeling results have shown that, under all future scenarios examined, most parts of eastern North Dakota will be increasingly vulnerable to groundwater contamination from nitrates. The results indicate that the largest increase in groundwater pollution risk will occur under the B1 scenario, while under the A2 scenario pollution risks will increase least. Note that under the B1 scenario, a quality environment and clean energy are highly preferred, and expansion of biofuel crops for bioethanol and biodiesel could be expected as a response to encourage reduction of carbon dioxide. Although the A2 scenario assumes high demographic pressure and high fossil fuel usage, lower demands for biofuel crops tend to discourage fast expansion of corn and soybeans, thus reducing nitrate pollution stemming from fertilizers.
The study also suggests that biofuel crops, traditionally regarded as climate friendly (Powlson et al., 2005) , may act as a double-edged sword. With biofuel crops displacing other crops such as wheat and alfalfa in North Dakota, there may be a significant increase in fertilizer inputs to the farm lands. Thus, the fast development of biofuels-related cropland may not be sustainable from an environmental perspective. A recent field study conducted in southeastern North Dakota showed that increases in nitrate application rates can significantly elevate nitrate concentrations in the shallow groundwater in this area (Derby et al., 2009 ). Thus, increasing risks of groundwater pollution may be associated with the expansion of biofuel crops. Natural resources managers will likely need to target protection strategies and measures such as regulating application of farm chemicals and installing monitoring wells in areas prone to high groundwater pollution risk. Although this research was conducted in North Dakota, it clearly could be adapted and applied in other similar agricultural regions undergoing significant climate change and rapid land use change.
This research could, perhaps, aid groundwater managers in selecting and prioritizing sites for future groundwater monitoring and protection. For areas predicted to have elevated groundwater pollution risk, appropriate agricultural policies/practices may be imperative to prevent groundwater contamination. The results from this research may also help promote dialog and improve decision-making on biofuels incentives, polices and laws (Simpson et al., 2008; Koshel et al., 2010) by incorporating groundwater pollution risk and concerns.
Future research should include testing this modeling approach in other locales. In addition, it is recommended that the narrative descriptions of SRES scenarios and statistical extrapolation of historical cropland data be augmented by information on biofuel policies and food security. 
